Blinking has two functions: to moisturize eyes and as a defensive response to the environment and responses caused by the by mental processes. In this paper, we investigate statistical characteristics of blinks and blink rate variability of 11 subjects. The subjects are presented with a reading/memorization session preceded and followed by resting sessions. EEG signals were recorded during these sessions. The signals from the two front electrodes were then analyzed, and times of the blinks were detected. We discovered that compared to the resting sessions, reading sessions are characterized by a lower number of blinks. However, there was no significant difference in the standard deviation in the blink rate variability. We also noticed that in terms of complexity measures, the blink rate variability is located somewhere in between white and pink noises, being closer to the white noise during reading. We also found that the average of inter-blink intervals increases during reading/memorization, thus longer inter-blink intervals could be associated with a mental workload.
I. INTRODUCTION
The majority of ongoing research has focused on eye blinks occurrence during performing some particular tasks or being exposed to external stimuli. Researchers have suggested that blinking can be an indicator of the transition of one cognitive process to another, in other words, that eye blinks can be markers of the beginning and ending of a certain cognitive process. In [13] it has been shown that blink rate patterns are influenced more by cognitive processes rather than by age, eye color or gender. Ponder and Kennedy concluded, that high-level cognitive processes are major determinants of a blink increase and reduction [8] . They also highlighted that blinks could be an indicator of attention, named by them as "mental tension". Operational memory, which is used during performing mental tasks and visual imagination, may share components with a visual perceptual system. To avoid interference of a cognitive processes, blinking is slowed down [16] . It has been reported that blinks play an important role in detecting various brain disorders and are helpful in distinguishing brain activities. Spontaneous Blink Rate has been studied in the context of many neurological diseases like Parkinson's disease, schizophrenia and Tourette syndrome [9] [10] [11] [12] . It has been also discovered that in detecting psychiatric disorders like schizophrenia and attention hyperactivity BR can be helpful as a source of data. This is possible because blinks are identified as non-invasive peripheral markers of the central dopamine activity. That makes their detection accurate and thus, analysis useful. Blink duration and the time of eyelid opening varies during the morning and the evening times, having longer durations in the evenings [21] . These observations found to be useful in distance learning, where a teacher has no control over students' focus. In order to provide feedback, blink duration has been used to monitor scholars' fatigue [5] . Studies have suggested that blink behaviour during reading is under perceptual and cognitive control [17] . Furthermore, in 1972 Holland and Tarlow [15] not only defined blinking as a function of memory load, "such that the more the items in memory (and presumably the more the rehearsal activity), the fewer the blinks", but also suggested that blinking can be an interlude between ideas or sentences [16] . Researchers have shown the synchronous behaviour in blinking between a listener and a speaker in face-to-face conversation. Workload in some visuospatial tasks are indicated by multiple eye measures. One measure is a duration of eye fixation at the point of interest, during a task in which memory and visual activity demands vary over time [20] . Blink frequency is another measure of the workload. Blink rate is inversely correlated to the increase of workload, and thus are employed in detecting drowsiness [14] . The brain consumes resources every time a cognitive process is initiated [22] . A resource is identified as the level of activation in the underlying cortical neural system, available for processing the information and storing it [23] . Resource management is considered as a source of individual differences in performance of the cognitive process. For measuring resource allocation, various methods have been proposed [22] , among which eye blink analysis still remains understudied. Difficulties in interpretation of eye blinks as a reflection of mental state reveal that blinks can appear in natural response of eye dryness, reflex, or other environmental stimuli. Therefore, the inter-blink dynamics could be an indicator of various mental states. Among a number of characteristics of dynamical systems or measurements of outputs of a dynamical system, analysis of correlation properties is an important characteristic. Among various types of correlations, one type of correlation is a long-range correlation (LRC). Long-range correlation effects have been found in various processes including biological, physiological, and financial. These processes, are statistically similar, and characterized by scale exponents. Some specific examples of processes with LRC include the Internet traffic and particularly WiMAX network traffic [3] . Scale exponents are good characteristics to discern cases of heart failure and healthy heart behaviour [7] . Scale exponents of heartbeat dynamics and respiration dynamics are different for young and elderly people [2] . It is evident that eye blinks are linked to brain activity. In this paper, we investigate the relationship between the blink rate variability (BRV) and two mental activities: reading and resting. We assume different people utilize the same part of the brain in solving similar tasks. Therefore, we hypothesize that the relative difference in characteristics of inter-blink dynamics should be similar for the same task among different people.
To check our hypothesis we designed an experiment that is described in section 2. To extract blink rate variability, we utilize a blink detection algorithm that we proposed earlier [1] and its description is given in section 3, together with the description of scale exponents' estimation method. In section 4 we elaborate on the relationship between the BRV and mental activities during reading and resting. Finally, section 5 concludes our study.
II. MATERIALS AND METHODS

A. Data acquisition
While participants were performing the test we recorded videos with a Pointgrey Flea3 high frame rate USB3 camera and were stored for future work. Simultaneously, EEG signals were captured by Mitsar-EEG 201 amplifier and accompanying WinEEG software. The electrodes were placed according to the international "10-20 system" standards of electrode placement.
Electro-gel was injected into electrodes hollow in order to decrease the electrode-skin resistance. The focus of current work is to analyze the statistical characteristics of blinks. Nevertheless, we recorded EEG from all the electrodes for further research. Fifty one male and female subjects aged from 19 to 25 years, were recruited for the experiment. Everyone provided their written consent to participate in the experiment. The subjects had no history of psychiatric illness, and they had not been affected by any significant medical, neurological or ophthalmological illness. These conditions were ruled out by self-declaration via questionnaire. The experiment software was developed in JavaScript with jQuery ( Fig. 2) . The software was designed in a way that no intervention of participants or an experiment supervisor is required during the procedure. The testing session took 30 minutes and consisted of 5 minutes resting, followed by a 10 minute IQ test, and then another 5 minutes of rest. After the second resting period, a passage about Ethiopia was presented, followed by a quiz to invoke memory recall activity. The first 5 minute resting period was included to calm the participants down. Participants were asked to try to keep their mind as calm as possible. The following IQ test is not discussed in this paper as more investigation is needed. The latter 5 minute resting stage is included in this study and the comparison between the two resting sessions is provided in later sections. The passage is presented after the second resting interval for five minutes.
Participants were asked to read the passage carefully with the purpose of memorizing the facts from it. The passage is 40 sentences long, and contains basic facts about Ethiopia. None of the participants were familiar with the topic of the text. The passage followed by a 5 minute quiz to test memory retention, we will discuss it in our next study. Since EEG is prone to noise due to movement, we made sure that subjects had been informed about staying still and their movement was minimized. During both resting stages, information and instruction about staying still with countdown progress bar, were displayed. To prevent head movements, text was displayed on a single screen with no need to scroll. Due to heavy noise caused by the subjects falling asleep, adjusting the cap or constant head movements, the total of 40 subjects' data were dropped. 
III. PROCEDURE
To begin the analysis of the statistical characteristics of blinks, we have to precisely detect positions of the blinks in the recorded EEGs. Among all channels, we only analyzed signals recorded from the electrodes placed near the eyes, as our focus is detection of the electrical potential generated by muscle responsible for blinks. Then the recordings were imported as CSV files to Matlab for further analysis. The process of blink detection has been previously described [1] . Here we briefly outline it. We divided the blink detection procedure into two parts: a preprocessing part and a blink detection part. The preprocessing consists of the following 4 steps: (a) bandpass filtering to remove harmonics that are not caused by blinks, (b) cut off extremely high and deeply low amplitudes, such amplitudes were estimated from the cumulative distribution function, (c) apply independent component analysis and (d)remove the component with brain activity. The blink detection part is performed on the preprocessed signals and consists of ed) signal thresholding, (f) blink candidate extraction, (g) polynomial fitting and maximum localization ( fig. 4) . After detecting the blink, blink rate variability (BRV) is calculated as differences in time of consecutive blinks. (fig. 5 ). The process of BRV extraction is followed by a statistical analysis. The main goal of the analysis is to examine the statistical characteristics of blink-rate variability and check, whether depending on the type of a mental activity, statistical properties of BRV change. Among the statistics we have investigated, the type of correlation BRV is one of the most important ones. We estimated the scale exponent for the BRV, as it is known to characterize complexity and correlation of random processes. To estimate scale exponent, we applied an estimation algorithm that improves on the wellknown Detrended Fluctuation Analysis method (DFA) [6] . The DFA suffers from the overestimation problem [4] that is as a result of the polynomial detrending. For the purpose of suppressing unwanted harmonics outside of the analyzed frequency band, instead of subtracting a polynomial that is a nonlinear operator [6] we applied band-pass filtering that is a linear operation [2] . In order to estimate scale exponents a range of scales have been selected. The frequency range is proportional to the analyzed scale l. We set the range of scales as l = {4, 5, 6, 7, 8, 10, 11, 13, 16, 19, 23, 27, 32} . The maximum scale is chosen in a way to be smaller than at least half of the shortest BRV's length among all participants and across all stages. We estimated the scale exponent α for each of the subjects for the resting and reading stages. In 1927 Ponder and Kennedy [8] reported that higher mental processes were major determinants of blink enhancements and inhibition. They also mentioned that blinks might serve as an index of attention, or as they termed it mental tension. They inferred that a person inhibits blinking while actively being engaged into information abstraction. Interesting results were presented by Hall [19] , who concluded that blinks do not occur randomly during reading. Bentivoglio et al, studied BR during rest, reading and conversation, the authors investigated the blink rate (BR) patterns; they showed that the patterns are influenced more by cognitive processes rather than by age, eye color or gender [13] .
Holland et. al reported that blinking is related to certain cognitive processes [15] , [16] . The authors stated that blinking rate decreases as mental load increases. Subjects were asked to perform simple arithmetic calculations on a sequence of numbers. As the sequence elongated, so presumably the memory load increased, the number of blinks decreased. In our experiment, reading the text plays a role in the workload. The number of blinks per each of 11 subjects is presented in Fig 6. Comparing the blinking rates during both resting sessions reveals they are significantly closer to each other rather than during resting and reading sessions. It can be seen that blinking is indeed an indicator of a mental state, the number of blinks during reading is smaller than during resting sessions for 10 out of 11 subjects. That consistency of blinking ratio during different tasks dictates the existence of blinking patterns. Indeed, in [13] authors have shown, that for 92% of the population, higher blinking rate was observed during resting than reading. However, time between blinks does change. The average inter blink interval is shorter for resting and elongates for reading. One explanations of longer inter-blink intervals in reading is fixation points that occur while tracking the text. It is necessary to understand visual perception and eye movement in order to understand the reading process. Reading involves a prolonged focus on reading material as each word is related to its predecessors to make sense of the whole sentence. Furthermore, reading is a process in which the eyes quickly move to assimilate the text. From one fixation to another, there is a search for a next fixation thus this requires less blinking and more focus. For visually demanding tasks, blinks rate is lower and positioned in time to maximize stimulus detection (Fournier 1999 , Goldstein 1992 , Ponder 1928 . Reading is a cognitive process that increases brain activity [17] which leads to longer inter-blink intervals. Another possible explanation for longer intervals is a reflection of the blinking concept as an interlude between ideas or sentences [16] . Figures 7, 8 and 9 show blink rate variability for all subjects during resting sessions and reading, respectively. The abscissa is the blink interval number whereas the ordinate represents the interval lengths per each subject. The mean of BRV is always higher during reading, except of one subject ( fig. 10 ). Fig. 11 , presents the standard deviation (SD) of the BRV dynamics. The root mean square of the successive differences (RMSSD) of the BRV is shown in fig. 12 and calculated as:
where I n is length of the nth interblink interval.
The RMSSD is often employed in analysing the HRV, where every sample is an interval between successive heartbeats. The RMSSD characterizes HR's short-term variations, and its value is low during subject's high stress [27] . In the case of blinks, the number of blinks decreases during reading, whereas average inter-blink intervals increases. The RMSSD is noticeably higher during reading session for 6 out of 11 subjects, for the remaining subjects, there are no noticeable differences. That could suggest either unusual behaviour of fixation phenomena, or different resource management strategy that depends on an individual. As for the next step, we evaluate the complexity of the BRV and investigate if it is affected by various types of mental workload [25] . Many physiological processes are statistically self-similar (SS). One of the definitions of a SS process X(t) is given via its power spectral density and defined as
The complexity of statistically self-similar processes is directly determined by the spectral exponent γ. Scale exponents are the parameters that characterise the rate of scaling. Notice that according to the definition 2, the following property holds S(a · f ) = a −γ · σ X /f γ . One of the methods to estimate scale exponent is the detrended fluctuation analysis (DFA). Unfortunately, the method is known to suffer from overestimation problems [3] . To improve the estimation accuracy, we employ a modified DFA [4] . The method estimates the scale exponent α that is related to the spectral exponent γ via α = (γ + 1)/2. Taking advantage of this method, we estimate scale exponents for the BRV of every subject per every session. The mean α and the standard deviation σ of the estimated scale exponents are shown in table I. In order to interpret the complexity of the BRV, we compare it to color noise which power spectral density is given by 2. Following this definition, white noise corresponds to the process with α = 0.5 i.e. a random process with a constant spectral density. Pink noise is characterized by the spectral density S(f ) ∝ 1/f i.e α = 1. It is known that many physical and physiological processes are of 1/f type, some examples include body movements, walking, HRV, brain dynamics and cognition [30] . Brown noise corresponds to α = 1.5. Random walk or Brownian motion is brown noise if increments are normally distributed. Wiener process is a limit of random walk. It is widely accepted that pink noise is of highest complexity, whereas the complexity of brown noise decays as it is a cumulative sum of discrete white noise. It is worth noticing that spectral characteristics of the HRV for young people with a healthy cardio-vascular system correspond to pink noise, whereas for elderly people the dynamics of HRV is shifting towards brown noise. Scale exponents estimated for the BRV are distributed between white and pink noises. We plot Gaussian probability density functions with estimated means and standard deviations for each of these sessions and visualized them in fig. 13 . It is easy to see, that the means of both of the resting stages (0.75 ± 0.14 and 0.80 ± 0.14) are located closer to each (∆ = 0.05), while the difference between the means for the resting sessions to the reading session is located farther apart (∆ = 0.10 and ∆ = 0.15 correspondingly). Thus, we can conclude, the complexity of the BRV varies among different tasks. Furthermore, during the resting sessions, the complexity of BRV increases as it shifts towards pink noise. We have confirmed that the act of reading is associated with a smaller number of blinks compared to the resting sessions. Our findings support [17] that blinking behavior during reading is under perceptual and cognitive control. Our finding is concurrent with the findings of [18] that reports on a significant and a positive correlation between inter-blink intervals and subsequent memory encoding. We observed a higher blink rate while subjects were resting. Furthermore, we showed that α values vary across sessions depending on a task. This suggests the type of mental activity affects blinks and the complexity of the blink-rate variability. In our future work, we are planning to add more types of cognitive activities to our experiments and investigate on the relationship between statistical characteristics of the BRV and Fig. 13 . Gaussian PDFs with the mean and standard deviations estimated for the Hurst exponents of IBI during resting sessions 1 (blue) and 2 (yellow) and for the reading session (purple).
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